
Abstract-Precision in the real world is covered by imprecision and arithmetic operations serve as the foundations of computation. Since the introduction of Fuzzy Cognitive mapping, the dynamic model used to establish the fuzzy cognitive map, used conventional arithmetic operations on asymmetric fuzzy sets. Therefore, for a cognitive map, to be completely fuzzy, it should incorporate the use of fuzzy arithmetic and fuzzy numbers in describing the concept nodes and the cause-effect lines defining its structure. It then can be stated that the necessary and sufficient condition for a cognitive map to be fully fuzzy is that its dynamic activity or operation, be achieved only through fuzzy mathematics. This paper presents a preliminary analysis into the peculiar design of the fully fuzzy structure of the cognitive map. 
I. INTRODUCTION
Today, the Fuzzy Cognitive Map (FCM) is an important computational intelligence approach to the classification, prediction, and monitoring of the behavior of complex systems [1] . Complex systems may refer to a person's belief or habitual actions, or the black-box belief of a machine's operations. The desire for a potential approach, by Robert Alexrod, to improve the quality of decision-making processes in complex systems is the foundation of cognitive mapping using cognitive psycho-logic [2] . A cognitive map is a formalized or analytical model, representing the mental operational belief of a system by exploring hidden implications of the system's factors, based on the notion of causation. Mathematically, the cognitive map is a signed directed digraph [2] - [4] . A developed cognitive map could then be applied as a decision-making or predictive tool. The cognitive map is based on causal assertion, implying that the most important feature that defines its correctness is its structure. This is known as the relation or connection matrix, and it is this structure that induces how the changes in the state of each factor of the map affect the other factors. Bart Kosko in his FCM seminal paper [3] extended Alexrod's cognitive map using fuzzy logic to define the causal assertions between the key concepts of a cognitive map model. This has increased research interest and application of fuzzy cognitive maps to different areas [5] .
For an approach or algorithm to be fully fuzzy, it must employ the use of fuzzy sets and fuzzy arithmetic operations. This is a basic notion of the application of fuzzy sets to cognition models [6] - [8] . The Kosko-approach to the fuzziness of cognitive maps and its various extensions, as explained in a pivotal research by [9] , although uses fuzzy causal algebra, it was not realized using fuzzy arithmetic, therefore, in a sense; it was contradictory of being a complete fuzzy approach to cognitive map modeling.
In this work, the complete fuzzy approach established by [9] , as an alternative to the conventional approach to fuzzy cognitive map algorithm design and modeling is developed by presenting novel experimental computational findings, limitations and future work in the area of fully fuzzy cognitive map models. Also, the developed FFCM is applied as a supervisor control algorithm [11] in a complex process such as that of the Heat Exchanger operation [15] .
The theory of the fully fuzzy approach to cognitive map modeling was first proposed by Fedulov [18] , [19] and also independently developed by [8] . In this cognitive map approach, concepts (or factors) are described by specially shaped fuzzy numbers, and the relationships between them are also described by specially shaped fuzzy relations. The synthesis of the model is described by fuzzy mathematics operating on the fuzzified concepts and relations.
The first automated variant of the FFCM is the relational fuzzy cognitive map (RFCM), an automated approach that uses the arithmetic and algebra of fuzzy numbers for creating and optimizing the structure of fuzzy cognitive maps, as fully described by Slon in [1] . This fully fuzzy automated approach bypasses the use of rule-bases and rigidly defined linguistic values, with abstract numbers, which can be easily changed, depending on the speed or accuracy needs of a model.
II. THE FULLY FUZZY COGNITIVE MAP APPROACH
In this section, we present the FFCM structure and develop algorithms to simulate an FFCM model.
A. Structure of the FFCM
Cognitive map modeling technique is mainly used for modeling phenomena and processes of a social nature. The flexibility of this approach allows it to be extended to modeling the operating states of technical systems, with precisely known observed factors, but for which the construction of an accurate mathematical model may be impossible or cumbersome due to the complexity of the processes taking place. The structure of a cognitive map is based on defining factors, called concepts, and causal interrelationships, based on expert knowledge or learning. Later, selected parameters of the structure can be modified (adapted).The structural form of the cognitive map is represented by { , } [8] - [10] . Where:
represent 1 × n vector of fully fuzzy concepts or factors that describe the system
represent n × n matrix of fuzzy relations between fuzzified concepts and , = 1, … = number of concepts Each and must be a fuzzy number (a fuzzy set on a real-numbered line, satisfying normality and convexity conditions)that can be mathematically described or synthesized by any convenient parameterized membership function. Gaussian parameterization was proposed by [9] .
Alternatively, in this analysis, we also present fuzzification based on triangular parameterization.
= 1
=centre of the fuzzified concept value, in the realvalued range [0 1] =power of the fuzzy relation, which defines the strength and direction of the effect of changes between and C j in the real-valued range[- 1 1] , =spread or fuzziness coefficient of and respectively.
x=common normalized universe of fuzzification= xi=xj
The universe, or support of fuzzification, is defined by its own interval, which can be correctly fixed at a default of [-2, 2] for symmetry purposes as shown by experimental findings of [16] and confirmed in this investigation. The second is the number of abstract linguistic variables, used to sample the universe. From our independent experimental computation analysis, the optimal values of can be chosen in the set: A bigger value of implies better structural accuracy of the map. A smaller implies shorter computation time, with = 33 as a safe starting -value The standard in work involving data analysis and machine learning is to pre-normalize data to obtain an objective result. This initial normalization is only applied to the realvalued concepts. The common max-min normalization method can be used to transform this input values within the range [0 1]. The signs of the processed values are also important, and therefore a modified method of normalization in the range [-1 1] was proposed in [14] , described by the following equation:
For predictive applications, where the model learns on part of the time-series historical data, then tested on the complete set of historical data, this function was further modified in [15] , using a scale factor, φ to account for possible values higher than those observed in the historical data.
The optimal values of the spread coefficient, belong to the real-valued range: [11] 0.3 ≤ ≤ 0.6 (13)
The proper method for extracting the representative value for the map's fuzzy elements, , is the centroid or weighted average defuzzification method [9] .
B. Fully Fuzzy Cognitive Map, FFCM Model
Literature is replete with the conventional FCM model proposed by [3] . The operation of this model is not fuzzy in the mathematical sense [8] . The FFCM is an automated algorithm that employs the use of fuzzy mathematics and numbers in building the structure of a cognitive map.
Complex systems are usually characterized by multi-level interactions of concepts and multiple-feedback connections to each other [10] . Therefore, using a tested and validated three-input fuzzy system approach [10] presented a novel form given in (14) of the FCM as a fully fuzzy non-linear dynamic system with multiple closed-loops feedbacks. This algorithm is discrete, nonlinear and dynamic in nature
⊕ = fuzzy addition operator ⊖ = fuzzy subtraction operator ∘ = fuzzy maxmin composition operator = 0,1, … This algorithm was implemented in MATLAB using developed fuzzy arithmetic operations as described in [9] . In the cognitive model algorithm, the future value of the output concept, in the next step of discrete time, + 1, denoted as ( + 1) is calculated by the fuzzy summation of the current value of this concept ( ) and the cumulative fuzzy sum of the successive changes of other concepts, ( ) − ( − 1)related with given ℎ concept through the fuzzy relation parameters, . This is the main mapping function for finding individual fuzzy concepts values in successive steps of discrete time, then after each cycle all values of concepts are defuzzyfied, then fuzzified according to general system rules and then introduced into the dynamic function to calculate the next cycle. Rewriting;
The fuzzy output, ( + 1) is, then defuzzified and normalized on the basis of the fuzzification universe to range from [-2 2] to within [0 1].
( + 1) = a max-min normalization function
This procedure can be achieved in the algorithm presented below.
Algorithm Normalize the defuzzyfied ith concept value at time, t+1 End Loop End Loop End The structure of this type of fully fuzzy cognitive map may seem easy and intuitive to implement, but, as stated in [1] , [9] , [15] , the mathematical operations described by the fuzzy dynamic equation present some difficulties in terms of uncertainty expansion arising during fuzzy calculations. There is also the stability problem of the transitive closure of the fuzzy relationship matrix, caused by an increase in the degree of uncertainty in the values of fuzzy variables as a result of fuzzy computations in the modeling process as described by [16] , which may make its practical implementation initially hard.
C. Parametric Identification of the FFCM
The fuzzy cognitive map model basically reveals the dynamic influence of change in selected concepts on other concepts. Also, the relational parameters are initially only approximate, determined, on the basis of expert knowledge. The optimal relational parameters are obtained during the process of learning. The focus of Parametric Adaptation or Learning can either be to: identify the optimal and dynamic values of the relationship matrix, not biased on subjective human expert belief; or to infer these values from available historical data. To adapt a parameter, is to identify or select the optimal values of a parameter(s) describing a system. Therefore, an embodied optimization algorithm that helps the model go through a learning process must be used.
In other words, the Fuzzy Cognitive Map can be viewed as an automatic time-predictive non-linear model that can be learned from historical data of the operation or behavior of a system. Notably, compared to expert systems, the fuzzy cognitive map is relatively better at utilizing knowledge and experience. The objective of identification, here is to select parameters of a cognitive map based on a particular criterion. If this criterion is on the basis of a correct reference value, then it is a supervised learning process, else, if the criterion's basis is on an arbitrary value, then it is an unsupervised learning process. We chose the supervised approach. Different objective criterion forms can be used. The basis is that it must measure the amount of error between a tested parameter and its correct value.
In the area of this research, we have so far, employed different objective (or learning) criterion metrics, which are listed below:
Euclidean or 2-Norm at each step of discrete time:
1-Norm at each step of discrete time:
Absolute Error for each concept at each step of discrete time:
Square Error for each concept at each step of discrete time:
Root Mean-Sum of Square Errors at each step of discrete time:
RootMean-Sum of Square Errors at each step of discrete time:
Root Mean Time Sum of Sum of Square Errors for a whole cycle:
Root Mean Sum of Time Sum of Square Errors for a whole cycle:
where:
In [9] , [11] , [12] , [15] , [17] the optimization method of successive approximations was employed, while checking the learning function at each step of discrete time. In order to validate this approach, in our experimental findings, we developed a modified random search optimization algorithm, for this purpose. Series of tests, revealed that the bounded randomized change, of the selected parameters used in the random search, can be replaced with very small, constant or time-varying successive changes, ∆ ( ) of the selected parameters, which approaches correct values of better. This means instead of searching randomly, search by known successive changes. This is the successive approximations method with variable step changes of the parameters in . The following pseudo codes give a simplified overview of the cases involving the employ of parameter optimization. historical data of the real system to learn the dynamic relationship weight matrix of the fuzzy cognitive map model. III.fuzzify the concepts IV.fuzzify the relations between the concepts V.synthesize the dynamic fuzzy cognitive model using fuzzy arithmetic VI.save the initial or reference cognitive map model VII.Test the learned relationships on the whole data, see if it fits the behavior of the modeled system. VIII.Set the relationship matrix as the working relationship structure of the cognitive map.
Parametric optimization can be carried out with other population-based metaheuristics and derivative-based optimization algorithms. The adaptation of this optimization technique for the FFCM is an important and current direction for future research.
III. MODELING COMPLEX SYSTEMS AND MACHINES
Modeling has become an important process for understanding real-world phenomenon, while reducing the numerous costs of design and exploitation of complex systems [13] . Conventional control methods of modeling complex systems and processes are limited in the representation, analysis and solution of such systems. Such systems depend on human supervision at the top of the control-chain. This has led to the need for development of autonomous complex systems mimicking human reasoning and description of processes and systems [4] .The thinking and outlook of humans are intrinsically fuzzy (vague or imprecise) in nature in relation to time and space. An aspect of soft-computing that seeks to deal with this problem is the Fuzzy Cognitive Map, applied to the modeling of complex systems by exploiting the operational knowledge of such systems.
A. Selected Applications
Using a hypothetical model example and two applications from conventional FCM literature, we show the implementation of this novel approach to cognitive map modeling. The overall algorithm for modeling the FFCM on the basis of known relationship between the concepts of a problem or system involves the default case algorithm below:
Algorithm 
B. Hypothetical model Application
The study involved a hypothetical system consisting of five concepts. In this arbitrary application, the table below shows the stimulating values of the normalized concepts, which influence a certain amount of change in the values of all the concepts. 
IV. PROCESS CONTROL AND SUPERVISOR APPLICATION
This section presents the application of the FFCM in control aspects. A FCM, since it is dependent directly on the real behavior of the way system process operates or should operate, can be used as a direct control algorithm or an algorithm that supervises other conventional control algorithms, in order to enhance the performance of the overall system, by replicating some of the knowledge and skills of the control engineer. Supervisory FCM, replaces the role of a human supervisor, which is to act on sensory information of the inner control system with respect to their effect on the global system. It is used to perform more demanding procedures as failure detection, diagnose abnormalities, decision making; also planning tasks and to intervene when a certain task or state is reached and take control in abnormal or unsafe situations [11] .
Algorithm, Control Case: I. Set a goal II. Initialize the map structure a.
Load the initial stimulating value of concepts b.
Load the data of relations between concepts using expert knowledge c. if not normalized, normalize the concepts d. select fuzzy parameters: type(s) of fuzzy number, fuzzification universe (support) range, abstract linguistic variables, fuzziness coefficient III. fuzzify the concepts IV. fuzzify the relations between the concepts V. synthesize the dynamic fuzzy cognitive model using fuzzy arithmetic VI. Check if the goal is achieved, else go to III, and skip IV VII. Stop, if goal is met or if an equilibrium region of constant or limit cycle values is reached VIII. Save the full-time courses of the fully fuzzy cognitive map model
A. Heat Exchanger Control Model
A standard system found in most chemical and process plants is the heat exchanger, used for temperature control over a wide range of operating conditions. The nonlinear behavior of this system is highly dependent on the flow rates and on temperatures of the media. A conventional FCM model was used to model and control a cross-flow water/air heat exchanger process in [15] . The focus, here is the development of a behavioral model that simulates a practical heat exchanger system, which will control the water outlet temperature by controlling the flow-rate of the water. The fan-speed, FS, is the manipulated variable, used to control the water outlet-temperature, WOT, which is the control variable, and dependent on measurable environmental disturbances the water flow-rate, WFR, water inlettemperature, WIT, and the air inlet-temperature, AIT. The air inlet-temperature depends on the weather, and cannot be manipulated. Water flow-rates vary over a wide range, a challenge in this process, is the design of an adaptive temperature controller for the water outlet-temperature. The values of concepts, representing the input and output variables of the heat exchanger process are representative values, normalized from real sensor measurements. Data taken from experts on the heat exchanger process, have been used to create the relation, between the concepts [15] . Here, we use the FFCM to model the same cross-flow water/air heat exchanger process, and observe its operation.
In this application, when the FFCM performs its first fulltime loop operation, it reaches an equilibrium region, where it increases the corresponding fan-speed at about 69.5% and reduces the water flow-rate to around 63.3%. Measurements of the water-inlet temperature, the Air-inlet temperature, do not really change. The water-outlet temperature is at 41.4% for the first dynamic signal circulation. These sensed, measurements are transmitted to FFCM algorithm from the heat exchanger system, it will interact again, reach an equilibrium region and it will transmit the equilibrium values of concepts to the heat exchanger and the iterative procedure to control the water-outlet temperature continues, till the control goal is achieved. In the second full-time loop operation, the fan-speed is at an equilibrium value of 74.2%, while the water-outlet temperature is at 36.7%. In the fourth full-time loop operation, the fan-speed is at an equilibrium value of 75.8%, while the water-outlet temperature maintains an equilibrium value of 32%.
The same effect observed in [15] , but enhanced, was obtained through the application of the FFCM algorithm. The water outlet temperature was significantly reduced under the value of 40% which is within the accepted limits. 
B. Supervisor Model
A large number of complex processes are fuzzy in nature and their operation is "tuned" by experience rather than through the application of pure mathematic principles. Operators of such systems act as the supervisor, by observing multiple data simultaneously and making decisions based on their experience and empirical knowledge. The supervisor cognitive map is an analytical model that performs failure analysis and diagnostic monitoring of all the process subsystems in order to help the human operator make decisions, plan strategically.
The role of the cognitive map in control systems application is to extend the range of application of a conventional controller by using a more abstract representation of the process, general control knowledge and adaptation heuristics, and to enhance the performance of the whole complex system.
Another useful characteristic of the supervisor cognitive map for an operational system is answering the question: 'what will be the consequences, impact, or influence, for the whole process or system if a state of the system changes?'
In [15] , the conventional FCM approach was used to model a simplified supervisor for a part of the heat exchanger problem, using four experts, who then built the concepts around the most important factors that influence the exchanger performance, EP, which are: failures on fan system, FF, failures on the water flow control system, WFCF, other malfunctions of subsystems, OF, and maintenance of subsystems, MT.
> 55%, represent the minimum exchanger performance level for an operational system. Applying the Supervisor-FFCM model to this problem, after 12 cycles of full-time propagation, the model reaches an equilibrium region of concepts values. It can be concluded that the initial high value of the heat exchanger performance is drastically reduced to a limit cycle region of 41.4% and 42.9%, and the initial low value of maintenance is increased and maintained at 66.4% in order to compensate the high values of fan system failures and water flow control system failures. In this scenario, the EP is less than the minimum acceptance value, therefore, from this analysis, the designer has to redesign the system and to develop a new exchanger infrastructure that will have better performance or that will have efficient maintenance in order to eliminate occurring failures in the heat exchanger system. The application of fuzzy algorithms to the design and operation of the FCM leads to effective working models of dynamic complex systems characterized by a high degree of uncertainty, especially systems with dynamic internal structure as revealed by the hypothetical model simulation. This fully fuzzy approach [1] enables the construction of fully automated algorithms for designing the fuzzy cognitive map structure.
Also, the application of the FFCM on the Heat Exchanger model showed promising results of the FFCM's role as a supervisor algorithm compared to those in the existing literature.
Our, experimental findings have also validated that the peculiarity of the fully fuzzy cognitive map presents a disadvantage of its signal processing being highly dependent on the sampling number, of the fuzzy universe, , and that it is still difficult to achieve global optimal levels for all parameters in Q.
Current and future research should be focused on improving the dynamic model functions and optimization algorithms for use in designing and training the fully fuzzy cognitive map's structure, and also more importantly, extending the number of practical and useful applications of the fully fuzzy cognitive map.
